INVESTIGATIONS OF THE MECHANISMS underpinning complex physiological phenotypes generally take one of two approaches: either a given pathway (new or previously observed in another cell) is interrogated using gain-/loss-of-function approaches or omics-based discovery experiments are used to determine groups of molecules involved in a phenomenon. Particularly when one approach is marshaled as validation for the other, these dichotomous methods have revealed the molecular basis for various disease processes. The advent of systems genetics in mouse models (an example in the latter category), in which multiple inbred mouse strains with characterized genetic diversity are systematically phenotyped in response to a stress, concomitant with gene expression analysis, allows for genomewide association analyses (12) and data-driven discovery of genetic networks (27) . In the present study, we utilize systems genetics to test hypotheses regarding the differential onset of cardiac disease and to discover novel principles of gene expression. The disease in question is cardiac hypertrophy and the biological process is chromatin-dependent regulation of transcription.
In response to chronic stresses and/or acute injuries, the mammalian heart hypertrophies, increasing the size of individual myocytes. This compensatory response plays a beneficial role in vivo but is also a common precursor to the deleterious condition of heart failure. The following three pieces of rationale related to this disease condition serve as the basis for the present investigation: 1) multiple models of cardiac hypertrophy have been shown to be accompanied by "fetal gene reprogramming," in which adult diseased muscle expresses genes/isoforms associated with an earlier developmental state (25) ; 2) an extensive cadre of genes has been implicated in cardiac hypertrophy on the basis of knockout and overexpression studies in cells and mice (33) ; and 3) human and mouse studies indicate that cardiac hypertrophy and failure have large genetic components of unexplained mechanism (i.e., they are heritable, but we do not know how the heritability manifests at the molecular level) (8, 22) . In this study, we test hypotheses that incorporate these three distinct observations. Specifically, we examine whether the panel of genes altered in a single genetic background behaves similarly when examined in the real-world scenario of common genetic variation. Second, we ask how genes known to be capable of modulating cardiac phenotype in gain-/loss-offunction studies correlate with cardiac phenotype in the setting of naturally occurring genetic and phenotypic diversity. Lastly, we investigate how chromatin proteins and transcription factors are affected by common genetic variation, and the relationship in turn between the transcriptomes of these molecules and cardiac phenotype.
MATERIALS AND METHODS
All experiments involving animals conform to the National Institutes of Health Guide for the Care and Use of Laboratory Animals and were approved by the UCLA Animal Research Committee.
Analysis of data from the hybrid mouse diversity panel. Microarray [RNA isolated from left ventricle (LV)] and phenotypic data from 84 classical inbred and recombinant strains of mice in the basal state or after treatment with isoproterenol (ISO) were analyzed. Isoproterenol was administered continuously at 30 mg/kg/day for 3 wk via osmotic mini-pump to 8 -10 wk old female mice. N ϭ 2 for microarray (RNA from 2 mice/strain/condition were combined and analyzed on a single microarray). N ϭ 2 for control phenotype and n ϭ 4 for ISO phenotype (26) . Additional microarray data were obtained from macrophages before and after LPS stimulation (16 wk, male) (23) , bone marrow (16 wk, male) (9), striatum, and hippocampus (8 wk, male) (24) . Microarrays were performed as follows: cardiac and brain tissue, Illumina ref 8v2; macrophages, Affymetrix mouse 430a; bone marrow, Illumina ref 6v1. Change in expression with isoproterenol was calculated as the difference between the normalized, log2 transformed values for isoproterenol and basal. Cardiac mass and echocardiography parameters were used to classify mice into four phenotype categories based on their response to isoproterenol. Resistant mice were defined as exhibiting minimal change in response to isoproterenol (as compared with the entire panel). Hypertrophic and failing mice were classified based on measurements of their state after isoproterenol and in the change (ISO-Basal) in parameters in response to isoproterenol. Strains whose traits were congruent with different conditions or that resembled different phenotypes when we considered their isoproterenol state versus their ISO-Basal state were left unclassified.
We used a stepwise process, incorporating multiple morphological and functional phenotypes, to classify the response of mice to cardiac stress. Strains were ranked from smallest to largest percent change in normalized total heart weight, a range that spanned 85% to 164% [ISO as a percentage of basal heart weight/body weight (HW/BW)]. Strains with ISO heart sizes close to basal heart sizes (102% to 118%; representing 14% of strains) were subset for later consideration as either resistant or failing based on other parameters (only one strain, CXB-13/HiAJ, had a heart smaller after ISO). Strains with yet larger hearts after ISO (135-164%; representing 38% of strains) were subset for consideration as either hypertrophic or failing. These thresholds of 118 and 135% were determined based on the values of AXB-4/PgnJ and C3H/HeJ, respectively, which we had previously classified as resistant and failing according to a less systematic approach based solely on mass. Next, strains were ranked based on changes in normalized LV weight after ISO (giving an LV/BW range of 75 to 171% of basal size), and strains with minimal change in LV size (100 -110%; representing 8% of strains) were subset to be potentially classified as resistant; those with LV Ͼ130% of basal after ISO were subset as failing or hypertrophic (130 -138% as potentially failing; Ͼ140% as potentially hypertrophic or failing, representing 52% of strains). For left ventricular internal diameter in diastole (LVIDd; which gave a range of 85 to 136% of basal after ISO), strains with small diameters (85-103%, 17% of strains) were subset as potentially hypertrophic, whereas strains with LVIDd Ն104% (7% of strains) were subset as either hypertrophic or resistant, those unchanging (105-107% of basal after ISO, 17% of strains) subset as potentially resistant, and those with enlarged diameters (117-136% of basal after ISO, 18% of strains) were subset as potentially failing. For posterior wall thickness (PWTH; ranging from 24% to 293% of basal after ISO), strains with thinner walls (24% to 79%; 24% of strains) were subset as potentially failing, those with minimal change in PWTH (97-107%, 20% of strains) were subset as potentially resistant and those with increased PWTH (120 -293%, 32% of strains) were subset as potentially hypertrophic (although PWTH Յ135% was allowable in a strain to be classified as resistant, provided the other metrics did not warrant classification as hypertrophic). Lastly, for ejection fraction (EF; ranging from 56 to 138% of basal after ISO), strains with depressed EF (56 -86% of basal after ISO, 15% of strains) were subset as potentially failing, those with minimal change in EF (97-109%, 32% of strains) were subset as potentially resistant and those with improved EF (109 -138%, 35% of strains) were subset as potentially hypertrophic.
Based on the above parameters, we assigned strains to a single category. For each strain, we counted the number of phenotypes that matched the resistant, hypertrophic, or failing category and assigned said strain to the most appropriate group, provided there were not multiple conflicting classifications. For example, a strain would not be assigned resistant, even if the majority of parameters were labeled resistant, if there were multiple examples of parameters being classified otherwise. As a result, a strain's classification would be based not on a single parameter. Finally, we repeated this analysis using the ISO only values (as opposed to change between ISO and basal, as described above) and adjusted strain classifications if the results of the ISO phenotype data strongly conflicted with the change in expression data. Our objective was a core set of strains that were confidently identifiable as hypertrophic, failing, or resistant. The cost was that we left almost 50% of strains unclassified, but what we gained was the ability to reliably make conclusions about the expression patterns of the other three categories, since we had stringently defined phenotype groups. The purpose of this entire classification exercise was to study the syndrome of cardiac pathology more closely to how it presents in the clinic, which is as a spectrum of phenotypes across a population of humans, rather than as a single morphological or functional endpoint.
Identification of genes with consistent response to isoproterenol within phenotype group. All 25,697 probes on the microarray were classified as upregulated (ISO-Basal Ͼ 1), downregulated (ISO-Basal Ͻ Ϫ1) or unchanged (Ϫ1 Ͻ ISO-Basal Ͻ 1) in each hypertrophic, failing, or resistant strain after isoproterenol. We next searched for probes that were either up-or downregulated in the majority of strains within at least one phenotype group. Majority required 77% of failing (10 of 13 strains), 77% of hypertrophic (17 of 22 strains), or 75% of resistant strains (6 of 8 strains) to have the same response. In total, 21 probes met this condition. By contrast, 24,887 were unchanged in the majority of all three phenotype groups, with 12,257 probes unchanged in all strains. We confirmed that all 21 of these genes are expressed [fragments per kilobase of transcript per million mapped reads (FPKM) ranges from 2 to 13, median of 6] in the adult mouse heart by comparing our data to RNA-seq data from ENCODE (ENCFF742HJE).
Correlation of gene expression change with disease phenotype. We generated comprehensive lists of different functional subsets of genes that have been implicated based off of manual curation of the literature to be involved in cardiac remodeling during hypertrophy and failure: fetal genes (representing not just genes expressed in development, but specifically demonstrated to change in hypertrophy and be used as biomarkers of hypertrophy in the literature); cardiac transcription factors; hypertrophic regulators (based on previous gain-and loss-of-function studies in the heart); and chromatin regulators. Genes from other subsets that were functionally validated in mice were also included as hypertrophic regulators. For the purpose of the hypertrophic regulator gene list, we focused on the disease outcome, not etiology, identifying genes associated with cardiac hypertrophy or failure based on published mouse models. We examined the Pearson correlation of expressions (basal, isoproterenol, or change with isoproterenol) of these subsets of cardiac genes with 49 phenotypes (basal, isoproterenol, or change with isoproterenol) across hybrid mouse diversity panel (HMDP) mouse strains. We also computed correlations between each gene's expression and the total number of genes up-or downregulated after isoproterenol treatment (ISO-Basal Ͼ 1.5 or Ͻ Ϫ1.5) for each strain.
To determine whether any gene subsets (fetal genes, cardiac transcription factors, hypertrophic regulators, chromatin regulators) were enriched with genes that were correlated to phenotype, we discretized the correlation of individual genes into "significant" and "nonsignificant" based on a significance threshold of alpha ϭ 0.05 and performed a hypergeometric test on the group followed by a false discovery rate (FDR) correction using fdrtool (30, 31) .
To examine whether changes in expression of individual genes correlate with overall disease state, we used our strain categorization to plot change in expression across strains that are resistant, undergoing hypertrophy, or in failure. The Kruskal-Wallis test was used to quantify statistical significance of the differences between changes in individual gene expression across disease states, and we corrected for multiple testing using the FDR (fdrtool).
Histone clusters and expression in the different phenotype groups. Change in expression of histones was used to cluster the hypertrophic, failing, and resistant strains using hierarchical ordered partitioning and collapsing hybrid (HOPACH), generating five clusters of strains. HOPACH was developed in part to optimize clustering samples based on gene subsets by combining hierarchical and partitioning clustering (34) . We tested for contribution of population structure to our clustering by comparing the kinship coefficients of strains within a group to the coefficients between groups and found no significant difference for any of our clusters. Enrichment of the three disease states (hypertrophic, failing, or resistant) in each histone cluster was determined by the binomial test. Separately, change in expression with isoproterenol was calculated for each histone variant across all strains in a disease state (hypertrophic, failing, or resistant). Presence of significant differences between the three disease states was determined for each variant using the Kruskal-Wallis test. For those variants with significant differences between the groups, the Mann-Whitney test was used to determine which disease states exhibited the difference.
Linear regression modeling of expression versus phenotype. We used the R package glmnet (11) to identify microarray probes that may be better predictors of cardiac phenotypes when taken together. The difference between log2 transformed isoproterenol and basal expression of all microarray probes in 82 strains of mice was scaled and used as the pool of potential predictors. Response was change in normalized total heart weight (isoproterenol HW/BW minus basal HW/BW). The cvfit function was set to nfold ϭ 10 such that a model is built on 90% of the strains and validated on 10% and this process repeated 10 times. We used default parameters of cvfit with s ϭ "lambda.min" and increasing values of alpha to empirically determine the appropriate alpha to generate ϳ100 predictors for analysis. For each alpha 0.1-1 (increments of 0.1), we ran cvfit 1,000 times and found alpha ϭ 0.2 generated 98 predictors (microarray probes) that were present in 800 of the 1,000 models (with each model representing 10 fold cross-validation). The 98 predictors were then subsetted and used to rerun cvfit, resulting in 74 probes in the final model. The accuracy of this model was validated by its ability to accurately predict the difference in total heart weight of the 82 strains. The 74 returned predictors were searched using Princeton University GO Term Finder (4) and DAVID Bioinformatics (13, 14) . Neither generated a Gene Ontology (GO) term with enrichment after Benjamini correction. Motif enrichment for the promoter regions of these genes [2 kb upstream of transcription start site (TSS)] was determined using CentriMo in the MEME suite, using the vertebrate motif database. We then attempted a similar analysis using EF instead of HW/BW as the outcome to predict. However, the glmnet algorithm did not generate an optimized model with our input parameters when using crossvalidation. Instead, the model was highly strain dependent, and we therefore did not feel confident drawing conclusions from the model without further optimization.
Multiple organ clustering. To explore features across organs, we analyzed the 37 strains with microarray data from all tissues (heart, macrophage, bone marrow, striatum and hippocampus). Cluster, a package for R, was used to cluster strains into a predetermined number of groups (k ϭ 5) with partitioning around medoids using the Euclidean metric. Clustering was performed on microarray data for all core histone variant probes on the array in the tissue being analyzed. Separately, clustering was performed using the entire transcriptome or using the panel of chromatin regulators. The Euclidean distance between each strain-by-strain comparison was converted to a rank from the most-closely related strain pair to the least-similar pair. Rankings were used to cluster organs based on similar "expression relatedness" between strains and genetic relatedness [based on kinship matrix derived from single nucleotide polymorphisms (SNPs)] using heatmap.2, a function of gplots. The kinship matrix was derived using EMMA (16) , and serves to generate a kinship coefficient for each pairwise comparison between strains that estimates the proportion of the genome that is identical between two strains due to common ancestry (19) .
RESULTS

Expression of individual genes does not correlate with disease severity.
A recent genome-wide association study (GWAS) on mice treated with the beta-adrenergic agonist isoproterenol revealed significant genetic loci, and new genes, associated with cardiac hypertrophy across a panel of inbred mouse strains (26) . This study provided a unique opportunity to subclassify cardiac pathology based on the various phenotypes measured in these mice; for the present analysis, we have done this classification based on in vivo measurements of cardiac function, to mimic the clinical situation in which patients with comparable environmental risk present distinct extent of disease and in some cases, no disease. We chose phenotypes related to heart size and function recorded after 3 wk of isoproterenol infusion and measured by echocardiography (34a), combined with postmortem measurements of heart mass (26) , and divided strains into four disease states: hypertrophic (mass increased but function was preserved, n ϭ 22); failing (mass increased and function deteriorated, n ϭ 13); resistant (minimal change in mass or function, n ϭ 9); or unclassified (mass, function and other disease measurements were not in agreement with each other and the spectrum of phenotypes in the animal thus included some that appeared diseased and others that appeared healthy, n ϭ 40). The distribution of strains between these groups for six measurements of cardiac size and function is shown in Fig. 1A . Population structure did not contribute significantly to disease state classifications, as determined by genetic similarities within groups versus between groups (measured by kinship coefficients).
Cardiac disease in animal models is often associated with characteristic alterations in gene expression, called a "fetal gene program," because the change in gene expression mimics aspects of earlier developmental stages of the heart. (As an aside, it is noteworthy that there are many differences in the transcriptomes of fetal, adult, and diseased hearts, and the term "fetal genes," used to refer to a small cohort that may behave in the diseased adult heart more similarly to the healthy fetal heart, is thus somewhat of a misnomer. We use the term fetal genes to distinguish the canonical marker genes measured as indicators of hypertrophy from what we refer to herein as "hypertrophic regulators," which in this study include genes whose genetic manipulation in mouse studies implicate them as components of hypertrophic signaling.) Some human studies have shown similar gene expression changes in heart failure patients (28, 32) . However, the role of common genetic vari-ation to influence this gene expression change is unknown. We tested the hypothesis that this gene expression program would be conserved across genetic backgrounds as a common mechanism of disease pathology. To test this, we examined a representative subset of genes often used experimentally to evaluate this phenomenon: alpha myosin heavy chain (␣-MHC, predicted to decrease with disease), beta myosin heavy chain (␤-MHC, predicted to increase), atrial natriuretic factor (ANF, predicted to increase) and the sarcoplasmic reticulum calcium ATPase (SERCA, predicted to decrease). Because of the differential disease susceptibility across the panel of mice, we were able to examine fetal gene expression in different disease states, despite having microarray data from only two time points (basal and after 3 wk of ISO). To our surprise, these fetal genes were poor predictors of cardiac pathology across genetically distinct mice (Fig. 1B) , with only ␣-MHC displaying the expected trend, in which most of the animals with disease exhibited a decrease in expression. Notably, commonly used strains including BALB/cJ and C57BL/6J were inconsistent, whereas FVB/NJ and DBA/2J were consistent, with the expected changes in expression of these fetal genes (Fig. 1B , right panels).
Complementary to the aforementioned manual classification, we also used two computational approaches to cluster strains. The first was unsupervised hierarchical clustering of Euclidean distances based on the percent change in phenotype after ISO for the same six phenotypes used to manually group strains. This scenario generated five clusters of strains, which we examined for their expression of ANF, SERCA, ␣-MHC, and ␤-MHC, asking if Ͼ50% of strains followed the expected trend (up-or downregulated) for individual genes. Only one cluster had at least two genes meeting this minimal criteria (n ϭ 23/41 strains upregulating ANF and n ϭ 34/41 strains downregulating ␣-MHC). This cluster also contained 18 of the 22 strains we had manually classified as hypertrophic. The second method we used was also an unsupervised clustering approach (called partitioning around medoids), using as input a different set of phenotypes (normalized total HW, normalized LV weight, normalized lung weight, LVIDd, and EF; expressed as the ISO value minus that in basal state) to produce five clusters of mice. In this scenario as well, ANF, SERCA, and ␤-MHC all failed to show consistent up-or downregulation in any of these clusters. One of the groups had over 50% of strains upregulating ANF (57% of strains upregulated), while two groups had SERCA downregulated in Ͼ50% of strains (60% of strains in one group, 58% of strains in the second group). No group had ␤-MHC upregulated in over 37% of strains, and all groups had ␣-MHC downregulated in ϳ71% of strains. Thus, two unsupervised clustering methods and one manual clustering approach all failed to produce groups of mice whose ostensible susceptibility to cardiac pathology was accompanied by the canonical changes in fetal gene expression. Switching back to the phenotype classifications shown in Fig. 1 , then, we examined all microarray probes to determine if other genes serve as better markers of response to isoproterenol treatment across genetic backgrounds (Fig. 2) . The limited size of this list (21 probes) suggests that single genes serve as poor predictors of cardiac disease state.
We wanted to further explore this observation by probing genes as a group as well as considering individual phenotypes as opposed to overall disease states. We expanded the list of fetal genes examined from four to 37 and also tested additional cohorts of genes: regulators of hypertrophic signaling (as determined from knockout and/or transgenesis experiments in mice, n ϭ 142, see Supplemental Table S1 for citations and phenotype information from previous mouse studies), cardiac transcription factors (with known effects on cardiac phenotype, n ϭ 31), and chromatin regulators (see Table 1 for a list of genes in all these groups).
1 Because many of the changes in gene expression (and phenotype) across genetic backgrounds cannot be explained through the actions of SNPs acting in cis (i.e., the variant base is situated in or near the modified gene), we reasoned that alterations in the expression of chromatin modifiers could be a mechanistic explanation for some of these differences in gene expression. To test this, we also included a list of genes for epigenetic and chromatin structural modifiers (referred to as chromatin regulators, n ϭ 124; Table 1 ) in our analyses. We examined the expression of these genes in the basal setting, after isoproterenol and the difference between these points as three independent measurements, rather than looking only at the difference as in Fig. 1B .
Unlike the previous analysis looking for genes consistently up-or downregulated across strains, here we looked for linear correlations between the level of gene expression and the severity of the cardiac phenotypes. Using expression data for probes representing each gene cohort and individual phenotypes for all strains, we derived Pearson correlations for the relationships between gene expression and phenotypes. We took the fraction of probes for each gene cohort that were deemed significantly correlated with the given phenotype (percentages are indicated for cardiac mass and function parameters in Fig. 3A) and measured enrichment by comparing to the fraction of significantly correlated probes from the entire microarray (Table 2 lists P values for enrichment for the complete set of phenotypes examined in this study). While individual genes remained poor predictors of cardiac disease (few genes show significant correlation, indicated by P Ͻ 0.05, for any given phenotype), when examined as groups, the fetal gene subset and chromatin regulator subset were significantly enriched in genes correlated with multiple cardiac phenotypes compared with the correlation exhibited by all genes detected on the microarray (Fig. 3A and Table 2 ). Microarray probes for the fetal genes showed significant enrichment for correlations with left atrial mass (enriched 2.97-fold compared with entire transcriptome), change in total heart mass (3.14-fold), and change in LV mass (3.81-fold) after isoproterenol. Individually, considering the seven heart mass and function phenotypes 1 The online version of this article contains supplemental material. When we investigated relationships in the expression of individual genes among the different disease states, trends did emerge for some of the cardiac transcription factors, the expanded fetal gene list, hypertrophic regulators, and chromatin modifiers, but these were not significant (Fig. 3B) , highlighting again that individual genes do not correlate well with overall state. From these observations we made two hypotheses. First, genetic variation buffers the expression of individual genes, such that the effect of a gene's absolute mRNA abundance on phenotype is dependent on its stoichiometry with other interacting genes and therefore is a poor indicator of phenotype when analyzed individually. Second, part of the buffering effect of genetic variation to influence cardiac phenotype may be mediated by chromatin. To test this second hypothesis further, we examined genes encoding chromatin proteins in more detail, focusing on histone variants, which we previously found to exhibit altered stoichiometry in a mouse model of cardiac hypertrophy and failure (10) .
Specific histone variants are consistently regulated by disease state. Of the chromatin remodeling genes, 58 are histonemodifying enzymes, of which, 43% are correlated with at least three of the seven cardiac size and function phenotypes in any of the conditions (ISO, basal, change with ISO). To investigate whether histone variants in addition to histone modification may be regulating susceptibility to cardiac pathology, we performed the antithetic clustering analysis: rather than cluster strains by disease state and examine histone expression, we organized strains according to histone expression (basal value subtracted from isoproterenol value) and observed whether Fig. 2 . Genes with shared expression response within phenotype groups. We identified genes that showed the same expression response to isoproterenol in at least 75% of strains within any 1 phenotype group and cross-referenced the genes with patient heart failure expression data. Colored boxes represent genes were at least 75% of strains within a phenotype group showed a consistent gene expression response (green is upregulated, ISO-basal Ͼ1; red is downregulated, ISO-basal Ͻ1; yellow is no change, ISO-basal between Ϫ1 and 1). White boxes represent genes where, for that phenotype, there was not a consistent response. The value represents the mean ISO-basal value. Note that the mean is not always representative of the majority of strains due to outliers; the trend of the majority is indicated by the color. ICM, ischemic cardiomyopathy; DCM, dilated cardiomyopathy. phenotype patterns emerged. Figure 4A shows the five clusters of strains that emerge based on histone variant expression; the rows are histone variants and the shading of the cells corresponds to the change in expression. We checked for contribution of population structure and found no genetic bias between strains within clusters. When each of these clusters was examined for the distribution of disease states, cluster 4 (marked by minimal change in histone expression; Fig. 4A ) was significantly enriched in hypertrophic mice and depleted of resistant mice (Fig. 4B) ; however, the other histone clusters did not discriminate between phenotypic outcome to isoproterenol, suggesting only weak correlation between histone stoichiometry and susceptibility to isoproterenol. To test this, we examined histone variants as groups between the disease states. No differences were observed in the contribution of variant families to the overall stoichiometry of histones between the different phenotypes (Fig. 4C) ; however, when individual histone variants were examined, three showed significant expression differences between disease states (Fig. 4D) . This is in contrast to the fetal genes, cardiac transcription factors, hypertrophic regulators, and chromatin regulators, for which there was no single gene with significant difference in expression between disease states. (Note, the analyses in Figs. 3B and 4D use lower thresholds than that of the consistently changing genes in Fig.  2 , in that Fig. 2 requires 75% of strains in a disease state to exhibit the same trend, while these figures require only a significant difference in trends between disease states.) Together, this suggests that like the other gene groups analyzed, a general relationship between histone stoichiometry and disease outcome does not exist across different genetic backgrounds despite histones having been implicated in hypertrophy in individual strains (7).
Because we had previously characterized, using mass spectrometry, histone variant and chromatin protein expression in another model of cardiac hypertrophy and failure induced by pressure overload hypertrophy (10), we sought to determine whether the modules of proteins identified with altered chromatin association in this study were recapitulated in the transcriptome data. In short, none of the chromatin protein modules identified by quantitative proteomics exhibited conserved transcriptome regulation in the present study (data not shown), a not completely unexpected observation, given the tiers of cellular regulation between gene expression and protein occupancy on chromatin.
Unbiased identification of disease predictors do not share common ontology. We next asked if we could identify genes better correlated with cardiac phenotype. We used linear regression modeling to identify genes whose expressions are predictive of change in normalized total heart weight with isoproterenol. This exercise identified 74 probes that were present in 80% of our models and successfully predicted phenotype but found that they shared no common pathways or functions (based on no significant GO results), suggesting that the relevance of important cardiac signaling pathways may be masked by genetic diversity in the transcriptional response to isoproterenol such that the changes in stoichiometry of key genes within functional modules are genotype dependent (Table 3) . We compared our data to RNA-seq 
TF, transcription factors. Subset of probes representing cardiac transcription factors (TF), chromatin regulators, fetal gene program, and hypertrophic regulators were analyzed by Pearson correlation to determine significance with association to phenotype. Here, enrichment of these gene groups was compared with respect to all probes that had detectable expression on the microarray. Measured phenotypes include: mass of heart and indicated chambers and other tissues (these were, in addition, normalized to body weight); fibrosis, measured independently by visual scoring and area quantification; plasma triglycerides (TG), cholesterol, HDL cholesterol, unesterified cholesterol (UC), glucose, free fatty acids (FFA); echocardiogram parameters including heart rate, diastolic and systolic interventricular septal thickness (IVSd, IVSs), left ventricular internal diameter (LVIDd, LVIDs), posterior wall thickness (PWd, PWs), ejection time (ET), early and late ventricular filling velocities (E, A) and their ratios, fractional shortening (FS), diastolic relative wall thickness (RWTd), posterior wall thickening (PWTH), end diastolic and systolic end volume (Vold, Vols), ejection fraction (EF), left ventricular mass (LVM) and LVW corrected for growth (LVMc), mean velocity of circumferential fiber shortening (Vcf), and mean normalized systolic ejection rate (MNSER). Additionally, the numbers of up-and downregulated genes after isoproterenol treatment for each strain (Upreg and Downreg) were measured to determine whether overall changes in transcription are correlated to gene groups. Significant enrichment is indicated in boldface. Fig. 4 . Clustering mice by histone expression reveals patterns of change associated with phenotype. A: hierarchical ordered partitioning and collapsing hybrid (HOPACH) clustered strains into 5 groups based on histone expression change with isoproterenol. Rows indicate individual histone variants, while shading represents changes in expression; n ϭ 12, cluster 1; n ϭ 9, cluster 2; n ϭ 3, cluster 3; n ϭ 7, cluster 4; n ϭ 13, cluster 5. B: for each histone cluster, the composition of phenotype group is shown. Cluster 4 is significantly enriched (enriched 2.57-fold, P ϭ 0.0068) for hypertrophic mice and depleted for resistant mice (P ϭ 0.0585, not significant). C: abundance of all variants for each of the core histones was pooled across strains in the basal (light) or isoproterenol-treated (dark) hearts, revealing no gross differences between phenotypic groups. D: 3 histone variants were differentially regulated by isoproterenol between phenotype groups (*P Ͻ 0.05).
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data from the adult mouse heart (ENCODE, ENCFF742HJE): 34 of the genes were expressed with an FPKM Ͼ 1. GO analysis of these 34 also returned no significant terms. Furthermore, motif analyses of the promoters (2 kb upstream of TSS) of these 34 genes revealed no enriched vertebrate motifs.
Cardiac transcriptome patterns are not reflective of genetics. In addition to dissecting the genetically conserved expression changes that predict cardiac phenotype, we next tested if expression, both conserved and strain specific, was in fact correlated with genetics by expanding our analysis to expression data for the HMDP from bone marrow (9), macrophages (23), striatum, and hippocampus (24). We asked: if two strains have similar gene expression in one organ (due to genetics), do they also share similar transcriptomes in other organs? When two organs cluster in the dendrogram (such as control macrophages and hippocampus; Fig. 5A, left) , it indicates that strains with similar expression in one organ also have similar expression in the other organ. Dendrograms were made with expression data for chromatin regulators, histones, or all genes (Fig. 5A ).
For each organ we ranked strain-by-strain transcriptome comparisons from the most similar strain pair (1, green) to the most different (667, red), and generated a heatmap to display how these rankings vary by organ (Fig. 5B) . Surprisingly, similar transcriptomes between strains in the basal heart did not predict similar expression after isoproterenol (control and ISO hearts do not cluster, Fig. 5B ), suggesting the genetic determinants of physiological and pathological gene expression are different. By contrast, basal and LPS-stimulated macrophages do cluster. We also included a ranking of genetic similarity using kinship matrices based on SNPs. The similarity between the transcriptomes of two strains was only weakly dependent on the genes analyzed, as all gene subsets clustered together for a given organ. Secondly, the relatedness between strains as calculated by gene expression was markedly different from the genetic relatedness determined by SNPs (with the exception of macrophages), though gene expression of all genes was consistent with chromatin gene expression. Together these two patterns suggest that the relationship between genetics and gene expression is buffered by a mechanism that is both organ Linear regression analysis, using the glmnet package, was performed on change in expression with isoproterenol for all probes on the microarray to predict change in normalized total heart mass in 82 strains. We used 10-fold cross-validation to build each model, and a total of 1,000 models were performed to identify 98 probes with predictive capacity in 800 of the 1,000 models. The model incorporates 74 of these probes and fits the actual data for the 82 strains with an r-squared of 0.99. Coefficient indicates weight of the contribution in final model. GO analysis on these genes returned no significant enrichment for biological processes or cellular components. dependent and globally acting across multiple genes. We postulate this is due to the effects of cell/organ-specific epigenetic programming.
DISCUSSION
Previous studies have shown a diversity of cardiac phenotype across distinct mouse strains (3, 35) and linked them to gene expression differences (1). Here we have expanded these analyses to look across a larger panel of strains to determine whether these differences can still be attributed to the changes in a single set of genes. We found that, unexpectedly, the majority of cardiac-associated genes implicated with cardiac disease do not share consistent expression changes across strains with similar phenotypes. Instead, our results highlighted the roles of gene cohorts, including those involved with chromatin regulation.
Genetics and chromatin combine to influence gene expression patterns and phenotype, although the mechanisms are incompletely understood (Fig. 6) , in no small part because animal studies often examine only a single genetic A B Fig. 5 . The role of genetics in chromatin gene expression is organ specific. A: we asked if 2 strains showing similar expression in 1 organ are also closely associated in another organ. We clustered 37 strains with microarray data in 5 tissues based on histone expression (middle). The relatedness in expression between each strain-by-strain comparison was compared across organs. Strains with similar histone expression in basal macrophages also show similar expression after LPS treatment (control and LPS-treated are neighbors); this is not the case for the heart before and after isoproterenol stimulation. This analysis was repeated using expression of chromatin regulators (left) or of all genes (right) to cluster strains. B: heatmap x-axis represents each strain-by-strain comparison. Scale is the ranking of Euclidean distance in the organ and gene subset from 1 (green, most-closely related strain pair) to 667 (red, most-distant strain pair). "Genetics" indicates relatedness based on kinship matrix derived from single nucleotide polymorphisms. Diagram below represents observations from macrophage and heart expression datasets (in boldface) with respect to genetic similarities between strains. As in the dendrograms, we see that LPS stimulus of macrophages does not disrupt coexpression relatedness between strains, but isoproterenol stimulation of the heart does. Similarly, macrophages exhibit the greatest overlap between expression relatedness and genetic relatedness.
background. Here, we show that phenotype cannot be predicted solely by expression of individual genes when a genetically diverse population is examined. Neither genes that have been implicated in regulating hypertrophic signaling nor the fetal genes associate with overall disease state after isoproterenol. In a comparable study using C57BL/6J and DBA/2J administered ISO for 2 wk, both strains displayed significant increases in HW, fractional shortening, and EF (17) . These phenotypes are consistent with what we observe, as are the changes in ␣-MHC expression (no change in the C57BL/6J strain and decrease in DBA/2J). In contrast to our observations, this study reported an increase in ANF in C57BL/6, a difference that may be attributable to variation in the time course of the study.
We further find that the genetic drivers of gene expression are different after isoproterenol. Strains with similar expression patterns in the basal heart no longer share expression similarities after stimulus. A similar observation is seen when comparing gene expression similarities across organs. Our analyses suggest that chromatin, in addition to environmental stimulus, is an important independent modifier of the genetic contribution to gene expression.
The HMDP demonstrates that strains that are most closely related genetically do not always exhibit the most similar transcriptional responses to pathogenic stimuli. To identify the source of this discrepancy, we report three separate findings that point to chromatin as the mechanism. Firstly, we show that the discrepancy between shared genetics and shared transcriptomes is due to a mechanism that has a strong organ-dependent component. Secondly, we show that the genetic relationships act similarly to control the expression of different gene subsets, suggesting a genome-wide mechanism. Finally, our analyses of gene subsets demonstrate that genetic buffering diminishes the correlation between a single gene and cardiac phenotype, and yet, we still find examples of histone variants with conserved expression changes across disease states and show that chromatin regulators as a group correlate with several disease phenotypes. Although not highlighted in our analyses, DNA methylation serves as another regulator for gene expression and was included in our analyses of chromatin regulators. We find that modulators of DNA methylation, including DNA methyltransferases and methylation binding proteins, correlate with aspects of cardiac hypertrophy. This matches our previous observation that there is differential cardiac DNA methylation in the HMDP (6) .
We see two explanations for the lack of correlation between mRNA expression and phenotype, disease state, and genetics. The first is that there are posttranscriptional events that result in a disconnect between mRNA abundance and functional protein levels. Future studies are needed to test these relationships at the protein level. Coexpression modules from microarray have been shown to be inconsistent with protein interaction networks from the heart (5), whereas recent detailed bioinformatics analyses indicate that transcriptome and proteome levels are often quite similar (18) . This question can only be resolved experimentally for each protein. Previous studies have indicated that for select genes, the protein levels are very good indicators of heart failure in humans. BNP and NTproBNP, for example, have been shown to be effective biomarkers for ruling out heart failure in patients referred for suspected heart failure by their general practitioner (38) . In these cases, differences between tissue mRNA levels (not measured in humans) and circulating plasma protein levels could arise due to the multiple regulatory steps between transcription and subsequent secretion. However, we also propose that for some genes, genetics is playing a major role in disrupting the correlation between the expression of disease-causing genes and phenotype.
Previous work on the HMDP has been successful using GWAS analysis to identify 24 significant or suggestive loci regulating cardiac hypertrophy and fibrosis (26) . None of the 24 candidate genes in these loci showed a significant linear correlation with either total HW or LV weight, with only one (Srpx, P ϭ 0.049) showing modest correlation with fibrosis due to isoproterenol treatment. Independently, we found 579 genes (3% of genes detectable on the microarray) showed significant correlation with fibrosis in the isoproterenol state, including Col3a1, Ctgf, and Postn (genes implicated in cardiac fibrosis), which also showed significant correlations with total heart and LV masses. One major implication from our work is that analysis of individual genes should be complemented with future studies that include a middle-ground approach that takes into account many interacting SNPs (as we do here with kinship matrices) while still examining individual SNPs with functional roles (as in GWAS). Such approaches are being developed, wherein large cohorts of SNPs (in this case all SNPs on a single chromosome or in the entire genome) are related to phenotype and have proven more successful at explaining the majority of the heritability of common traits (37) .
The low level of causative SNPs identified by GWAS for heart failure (21) has been attributed to the theory that an interaction between multiple SNPs, each with small effect size, is necessary to explain certain complex traits (20) . This theory is in line with our observation that gene subsets serve as better predictors of cardiac traits than do individual genes. Impor- Fig. 6 . Chromatin proteins modulate the relationship between genetics and gene expression. The existing framework (gray arrows) for explaining cardiac phenotype is that genetics and environmental stimulation are the driving regulators of gene expression, which in turn determines phenotype. Our data support this model, showing that cardiac gene expression does not correlate with phenotype across all genetic backgrounds due to contributions by chromatin regulatory inputs. Additionally, we build on this model (red arrows) showing that chromatin protein levels feedback to influence gene expression, based on our observation that gene expression "relatedness" is organ dependent. We further posit that there is a direct interaction between environmental stimuli and genetics, based on our observation that different genetic components are responsible for basal or isoproterenol-induced gene expression in the heart. tantly, GWAS analysis by the CHARGE consortium also demonstrates that the genetic determinants of heart failure incidence are different between ethnicities (21). Here we attempted to ask a similar question in mice, that is: are hypertrophic or failing mice sick due to the same pathological transcriptome, independent of genetics? In other words, can the same genes serve as predictors of cardiac phenotype across the HMDP? We were surprised to find poor correlation between abundance of individual genes and specific cardiac phenotypes. In light of this, we attempted to further subdivide strains based on overall disease state, re-examining the data for potential relationships between gene expression and phenotype. This step was taken to address the fact that the different strains may be at different stages of disease progression (i.e., a variation in temporal onset of disease), in addition to being overall more or less resistant to pathology (i.e., variation in severity of disease). This classification inherently induces bias, and thus it is possible that the grouping of strains we performed does not reflect the type of distribution in a human population. It may be that more precise classification strategies exist that would reveal cohorts of animals that have better correlation for the classes of genes tested herein. For the subdivision we present here, however, we find poor correlation between specific genes and overall disease state. This refutes the hypothesis that all mouse strains show altered cardiac size upon isoproterenol by similar transcriptional changes and supports a model where different gene stoichiometry can result in similar phenotypes (36) .
It is known that both the incidence of cardiovascular risk factors, such as hypertension, and the incidence of advancedstage disease outcomes, including heart failure, differ by race (2, 15) . Understanding genetic differences in cardiovascular disease is necessary to better assess risk and tailor treatment to individual patients. We show that in addition to differences in heart failure susceptibility, mice of diverse genetic backgrounds also undergo diverse transcriptional responses to achieve a similar phenotypic outcome. One ramification of this is that fetal genes, as well as the entire transcriptome, are poor predictors of cardiac phenotype when analyzed individually across different genetic backgrounds. In our study, chromatin emerges as a mediator of the response to isoproterenol, integrating genetic variation with environmental stress. 
